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Summary Finding Activities of Interest in Imagery

Geospatial semantic graphs provide a robust
foundation for representing and analyzing remote
sensor data. In particular, semantic graphs support
a variety of pattern search operations that capture
the spatial and temporal relationships among the
objects and events in the data. However, In the
presence of large data corpora, even a carefully
constructed search query can return a large
number of unanticipated or spurious matches. This
work considers the problem of calculating a quality
score for each match to the query, given that the
underlying data are uncertain. We present
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Given: Candidate matches to a query pattern. Produce: Match probability/quality scores with associated uncertainty bounds.

Two-Stage Approach  Hierarchical Naive Bayesian Classifier

We assume very primitive semantic classes that
maximize the reliability of the initial interpretation of
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This combined approach lets us use domain
expertise and background knowledge where
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available, while remaining flexible to situations in o 2 o
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» |nvestigate other similarity measures. The

current measure Is based on the geometric
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